Cognitive deficits are important predictors for outcome, independence and quality of life after stroke, but often remain unnoticed and unattended because other impairments are more evident. Computerized cognitive training (CCT) is among the candidate interventions that may alleviate cognitive difficulties, but the evidence supporting its feasibility and effectiveness is scarce, partly due to the lack of tools for outcome prediction and monitoring.
Introduction
Stroke is among the most common causes of acquired cognitive disabilities during adulthood, with a projected increase in prevalence over the next decades due to the aging population (Feigin et al. 2014; Feigin et al. 2017) . Despite recent reductions in stroke-related mortalities, largely due to major improvements in acute health care and treatment (Zhang et al. 2012) many stroke survivors suffer from long-term and pervasive cognitive deficits (Barbay et al. 2018; Cumming et al. 2014; Haacke et al. 2006; Nakling et al. 2017; Patel et al. 2002 ) that often remain unnoticed by the health care system due to its typically delayed manifestation (Jacova et al. 2012; Kalaria et al. 2016) .
Previous studies and treatment programs have largely targeted patients in the acute and sub-acute phase, as it has been assumed that recovery and cognitive rehabilitation are more likely to be successful during a limited time window following the insult (Zucchella et al. 2014) . Whereas the temporal aspects of cognitive interventions following stroke is important, evidence suggests that recovery can also occur in chronic stages, i.e. years after the insult (Berthier et al. 2011; Moss & Nicholas 2006) . As a result, there is an increasing need for developing and validating tools that can be used to predict long-term outcome and for monitoring of the effects of cognitive rehabilitation after stroke (Hope et al. 2013) .
Advanced neuroimaging techniques based on magnetic resonance imaging (MRI) offer a range of candidate markers for disease monitoring and outcome prediction. In addition to providing detailed information about the localization and extent of the lesion, which represent key clinical information in the acute phase, imaging techniques allow for a characterization of the structural and functional integrity of the whole brain, including areas not directly damaged by the stroke (Kalaria et al. 2016 ). This information is highly relevant in a cognitive rehabilitation context, where the potential for improvement and recovery are not only defined by the lesion itself, but by the integrity and efficiency of the unaffected brain regions (Ihle-Hansen et al. 2014) . Further, it is widely acknowledged that the brain systems supporting cognitive functions are broadly distributed, supporting a network-based conceptualization of the functional neuroanatomy of cognitive functions. Hence, lesions in widely different parts of the brain may result in overlapping cognitive symptoms, depending on the brain networks involved (Guggisberg et al. 2019) . A direct implication of this is that both the degree of cognitive impairment and the individual potential for improvement in response to intervention may be less dependent on the exact characteristics of the lesion than the structural integrity of the unaffected brain networks.
Here, we test this concept by utilizing multivariate brain age prediction using machine learning and sensitive measures of brain morphometry. Briefly, combining a wide array of informative brain imaging features in a prediction model allows for an accurate prediction of the age of an unseen individual (Franke et al. 2012; Franke et al. 2010) . The degree to which the model under-or over-estimate the individual's age has been shown to be sensitive to a variety of health-related characteristics, including cognitive function and mortality (Boyle et al. 2019; Cole & Franke 2017; Cole et al. 2018; Richard et al. 2018) , and brain age prediction using MRI data has recently been shown to be sensitive both to the clinical manifestation and polygenic risk of various brain disorders (Høgestøl et al. 2019a; Kaufmann et al. 2018) .
Based on the notion that brain age prediction offers a sensitive summary measure of brain health and integrity, we first tested whether brain age is sensitive to cognitive function in chronic stroke patients. Next, to assess the predictive value of brain age prediction in a cognitive rehabilitation context, we tested if brain age prior to the intervention is associated with response to an intensive computerized cognitive training (CCT) program. As a followup analysis to a previous study reporting no robust beneficial effects of transcranial direct brain stimulation (tDCS) on cognitive improvement, we assessed if any beneficial effects of tDCS (active vs sham) would be dependent on brain age. Finally, we tested to which degree longitudinal changes in brain age during the course of the intervention are sensitive to treatment response. We hypothesized that (1) brain age prediction would constitute a reliable and sensitive method for characterizing individual level brain health. We further anticipated that (2) patients with a relatively low brain age (which may imply higher cognitive or brain reserve) would show better cognitive function at baseline, and (3) would show larger improvements in task performance. Lastly, to the extent that intensive cognitive training shows beneficial effects on cognitive performance and the brain (Engvig et al. 2010) , we hypothesized that (4) cognitive gains would be reflected in longitudinal changes in brain age during the course of the intervention.
We tested these hypotheses in a group of 54 chronic patients who suffered mild stroke (> 6 months since hospital admission, NIHSS < 7 at hospital discharge) invited to take part in a randomized, double blind study aimed to test the utility of tDCS in combination with CCT to improve cognitive performance following stroke Ulrichsen et al. 2019 ). For unbiased brain age prediction, we utilized a large independent training set, and employed stringent procedures for multiple comparison correction to increase the robustness of the results. Table 1 summarizes key clinical and demographic information for the patient group. Patients were recruited with the main aim of testing the clinical feasibility of combining CCT and tDCS to improve cognitive function in chronic stroke patients. Description of the extent and localization of individual patient lesions, as well as recruitment procedures are detailed in Approximately 250 patients responded to the letter, of which 72 completed the first assessment and 54 patients completed the full protocol; including three MRI brain scan sessions, three sessions with cognitive assessments, one EEG assessment, and seven CCT sessions in addition to 10 CCT sessions performed at home.
Materials and methods
Four patients were excluded from the analysis in the current study. Two were excluded based on poor quality or incomplete MRI data, one based on incomplete cognitive assessment at baseline and one due to lack of confirmed stroke. The remaining 68 patients were included in the brain age estimation and associations with baseline cognitive performance mean = 67.98, SD = 10.24, 19 females 
Cardioembolism (7) Large artery artherosclerosis (20) Cardioembolism (6) Small vessel occlusion (21) Other (17) Small vessel occlusion (18) Other (10) Stroke location Right (30) Left (22) Brain stem / Cerebellum (9) Bilateral (7) Right (23) Left (18) Brain stem / Cerebellum (8) Bilateral (5) .
Cognitive assessment at baseline
Similar to our recent study , cognitive performance at baseline was assessed with a set of neuropsychological and computerized tests assumed to be sensitive to for the difficulty level to be appropriately adjusted to the individual level of performance.
Thus, we discarded the two first training sessions of each task from our analysis. In addition, we included only tasks with a minimum of three training sessions after exclusion of the two first sessions, discarding Assembly and Chaos from further analysis.
tDCS protocol
The tDCS protocol has been described in details in a prior publication .
Participants were randomly assigned to an active or a sham condition, using an in-house Matlab script to randomly generate a code for each participant while ensuring that each block of 20 participants was balanced across conditions. Both the participant and the experimenter remained blinded throughout the experiment. Stimulation was delivered using a batterydriven direct current stimulator (Neuroconn DC-STIMULATOR PLUS, neuroConn GmbH, Illmenau, Germany), through 5 x 7 cm rubber pads using the following parameters: DC current = 1 mA, total duration = 20 minutes, ramp-up = 120 seconds, fade-out = 30 seconds, and current density = 28.57 µA/cm 2 . The sham stimulation followed the factory settings which include a ramp-up and a fade-out period. We used the 10-20 system for the electrode location, with the anodal electrode covering F3 and the cathodal electrode placed over O2, and fixated with rubber bands. The pads were covered with high-conductive gel (Abralyt HiCl, Falk Minow Services Herrsching, Germany) to keep the impedance threshold under < 20 kΩ. For security reason, the device has an absolute impedance threshold of 40 kΩ.
Following each stimulation period, participants were asked to fill in a side-effect form. In addition, after the last stimulation session, they were asked to make a guess whether they thought they received active stimulation or sham stimulation and the reason for their guess.
MRI acquisition
Patients were scanned on a 3T GE 750 Discovery MRI scanner with a 32-channel head coil at voxel size =1 mm 3 isotropic, GRAPPA acceleration factor of 2, scan time 4:32 minutes (Shafto et al. 2014) .
MRI processing
All T1-weighted images were processed using FreeSurfer 5.3 (http://surfer.nmr.mgh.harvard.edu; (Dale et al. 1999 )) including brain extraction, intensity normalization, automated tissue segmentation, generation of white and pial surfaces (Dale et al. 1999 ). All reconstructions were visually assessed and corrected as appropriate, and data with excessive motion or other major artefacts were discarded.
For StrokeMRI, images were processed with the longitudinal Freesurfer pipeline (Reuter & Fischl 2011; Reuter et al. 2012) , which substantially increases reliability and power (Reuter et al. 2012) . For each individual dataset, we extracted mean cortical thickness, area and volumes from 180 regions of interests (ROIs) per hemisphere based on a surfacebased atlas (Glasser et al. 2016) , yielding 1080 structural brain features per individual.
Age prediction
Based on a recent implementation ), brain age estimation was performed both using global and regional features as input. The regional brain age estimations were based on lobesStrict segmentation (occipital, frontal, temporal, parietal, cingulate and insulate) from Freesurfer (Dale et al. 1999 ). Overall, one global and 12 hemisphere specific lobe-based models were trained to estimate age in 628 healthy controls from the Cam-CAN cohort, using the same pipeline as previously described ). We used xgboost package in R (extreme gradient boosting) (Chen & Guestrin 2016; Chen et al. 2017 ) with the following parameters: learning rate (eta) = 0.1, nround = 1500, gamma = 1, max_depth = 6, subsample=0.5, to build the prediction models. For each model, the performance was estimated using a 10-fold cross-validation procedure within the training set.
Next, we tested the performance of our trained models by predicting age in unseen subjects in the test sample. More specifically, we calculated the Pearson correlation between the predicted and the chronological, as well as the mean absolute error (MAE) in years. For each individual and for each model, we calculated the brain age gap (BAG), i.e. the difference between the estimated and chronological age, yielding 13 BAGs per individuals.
Next, in order to account for age-related bias in the age prediction , we used linear modeling to regress out the main effect of age, age 2 and sex from each BAG, resulting in 13 residualized BAG (BAGR) used in the calculation of MAE and further analyses.
In some instances, the stroke lesions interfered with the cortical reconstruction process in Freesurfer, which inevitably influences the estimated morphometric parameters in the relevant part of the brain. In order to assess the influence of the stroke lesion on the brain age estimates, we used outlierTest from the car package (Fox & Weisberg, 2011) In addition to the global model including all T1 features, we calculated a robust brain age based on the median of the 12 regional brain ages.
Processing of Cogmed data
For each participant and for each included tasks, we used linear modeling to quantify the changes in performance across the training period, i.e. the cognitive improvement, using performance as dependent variable and session number as independent variable ). In addition, we used the generic function predict in R (Chambers & Hastie 1992) to estimate the baseline score and the final score using the resulting individual linear models for each trained task. To derive a common score across the trained tasks, we performed a principal component analysis (PCA) on the performance improvement scores and we used the first component as the individual's performance improvement . All test scores were zero-centered and standardized prior to running the PCA.
Statistical analysis
Statistical analyses were performed using R version 3.3.3 (2017-03-06) (R Core Team 2017).
We assessed the reliability of the age estimations using intra-class coefficient (ICC) using Lastly, in order to assess if cognitive improvements in response to intensive cognitive training is associated with reduced brain age during the course of the intervention, we tested for associations between cognitive performance and BAGR by time interaction in a longitudinal context using linear mixed effects models (LME). For each trained task, we used the estimated baseline and final scores from the individual linear models, and we used BAGR from scan number 2 and 3 as timepoint one and two, respectively. Estimated task performance was entered as dependent variable, with BAGR, time, BAGR by time interaction, age and sex as fixed factors, and participant as random factor. Table 3 . Intra-class correlation (ICC) with their confidence interval of the estimated brain age for the two baseline scans (scan one and two), and for the three timepoints (scan one, two and three). Table 4 and Table 5 show summary statistics from the linear models testing for associations between cognitive performance at baseline and Cogmed performance gain, respectively, and BAGR, including age and sex in the models. As expected, we found a main effect of age on cognitive performance at baseline. However, the analyses revealed no significant associations between cognitive performance at baseline and BAGR after FDR correction for multiple comparisons. Amongst the non-significant findings, the strongest associations were found between cluster 5 (executive control and speed) and the right cingulate, cluster 7 (working memory) and the right cingulate, and cluster 4 (attentional control and speed) and the right temporal BAGR. Further, we did not find any significant associations between performance improvement score and BAGR, nor main effect of age, nor sex on the performance improvement score after FDR corrections. Amongst the non-significant findings, the strongest associations with Cogmed performance gain were found for the left frontal and left parietal models, indicating higher cognitive gain for participants with lower BAGR. Table 6 shows summary statistics from the linear mixed effects models testing for longitudinal associations between cognitive performance and BAGR, including age and sex in the models. The analyses revealed robust main effects of session and age, indicating increasing performance during the course of the intervention, and generally lower performance with increasing age. Beyond this, we did not find any significant associations between performance and BAGR, nor BAGR by time interaction after FDR correction for multiple comparisons. Amongst the non-significant findings, the five strongest associations were found between the left occipital and Digits, the left frontal and Cube and 3D Cube, the left parietal and Hidden, and the right insula and Twist and the eight strongest BAGR by time interactions were found between the left occipital and Digits, the left frontal and Cube and 3D Cube, the left parietal and Hidden, the right insula and Twist and Rotating, and the left temporal and Cube and 3D Cube. 
Results

Brain age predictions
Discussion
Cognitive deficits are important predictors for outcome, independence and quality of life in stroke survivors, and computerized cognitive training has been suggested among the candidate interventions that may alleviate them. However, the lack of widely adapted tools for stratification, outcome prediction and treatment monitoring prevent an adequate assessment of the effectiveness of such training. Advanced brain MRI provides various candidate markers for disease monitoring and outcome prediction, integrating lesion specific information and characterization of the integrity of the unaffected parts of the brain, which is highly relevant for cognitive functions and long-term outcome. Here, we used brain age prediction based on brain morphometry and machine learning to test the hypotheses that patients with younger-looking brains would show preserved cognitive function compared to patients with older-looking brains and show more beneficial treatment response.
Based on the notion that brain age prediction offers a sensitive summary measure of brain health and integrity, we first tested the prediction accuracy and then the reliability in a longitudinal context. The estimated performance of the 13 trained models within the training set using a 10-fold cross-validation procedure suggested a relatively good model fit, with correlations ranging from .84 to .61 for the model based on all T1 features and for the right cingulate model respectively. Further, the models estimated brain age on the test sample also suggested an acceptable model fit with some regional differences in performance with MAE ranging from 5.50 to 8.80 for the most comprehensive model based on all T1 features and for the model based on right cingulate features respectively. In addition, the age estimation based on the median of the 12 regional models achieved the highest performance with a Pearson correlation of r = .58 MAE=4.27) .
In line with a recent implementation in patients with MS (Høgestøl et al. 2019a ), our results demonstrated high reliability across all timepoints for the global and regional models with ICC ranging from .70 to .86 for the right occipital and the right parietal models respectively. The brain age estimation based on the median of the 12 regional model was amongst the most reliable models with an ICC of .89. across the two baselines and .83 across all timepoints, outperforming the estimation based on all T1 features.
A particular challenge in clinical neuroimaging is that lesions may interfere with tools for automated processing and brain segmentations. Here, to test for the influence of brain lesions on BAGR estimation and reliability, we used outlier detection on the individual features level to identify extreme observations and replace those extremes by means of imputation using predictive mean matching. Comparisons between brain age from the raw and imputed feature sets revealed only minimal influence of outliers on both brain age estimates and reliability. Importantly, this suggests that our model predictions are robust to gross segmentation errors caused by the lesions, which supports the feasibility of automated brain age prediction in patient groups with brain disorders and lesions.
To test the hypotheses that patients with low BAGR at baseline show better cognitive function and a more positive treatment response, we used seven summary scores derived from a set of neuropsychological and computerized tests assumed to be sensitive to cognitive aging at baseline and the performance gain during the course of the intensive training period respectively. Contrary to our hypothesis, after corrections for multiple comparisons, linear models revealed no significant associations between BAGR and summary scores from the baseline assessment or performance gain. In line with a few previous studies (Boyle et al. 2019; Høgestøl et al. 2019b ), region specific models revealed putative associations between summary scores for executive control and speed, working memory and the right cingulate BAGR, as well as, attentional control and speed and the right temporal BAGR, suggesting better cognitive performance with lower BAGR. In addition, region specific analysis revealed non-significant putative associations between performance gain and left frontal and left parietal BAGR, indicating more positive treatment response for patients with lower BAGR.
Although future studies are needed to confirm the results, these preliminary non-significant findings provide some support to the general notion that individuals with younger-appearing brains, which may reflect relevant aspects of brain health and reserve, both perform better on cognitive tests, and respond more positively to cognitive interventions.
In order to assess if cognitive gains in response to intensive cognitive training are reflected in longitudinal changes in brain age during the course of the intervention, we tested for interactions between BAGR and session on cognitive performance using linear mixed effects models. Our analyses revealed a few putative associations between BAGR and
Cogmed performance, and also session by BAGR interactions on cognitive performance in a longitudinal context. However, none of these associations and interactions remained significant after correction for multiple comparisons, and the direction of the associations, if any, did not seem to converge. Hence, our results did not provide significant support for our hypothesis that cognitive gains would be reflected in longitudinal changes in brain age during the course of the intervention.
While this study does not provide significant support for the utility of brain age estimation as a sensitive measure for cognitive reserve and potential predictor for training outcomes in stroke patients, our results suggest that region specific brain age estimations are not only reliable measures, but might also be more informative than global brain age as a measure of brain health. Future studies are needed to confirm the putative associations between summary scores for executive control and speed (cluster 5) and working memory (cluster 7) and the right cingulate BAGR, as well as summary scores for attentional control and speed (cluster 4) and the right temporal BAGR; in addition to the weak associations found between the left frontal and left parietal brain age with the rate of cognitive improvement. In general, these findings are in line with our recent study suggesting that, by capturing distinct measures of brain aging, tissue specific age prediction models might better inform us about the individual determinants and heterogeneity of the aging brain compared to models collapsing several brain compartments .
The following methodological considerations should be taken into account while interpreting the current results. Although our patient sample was highly heterogenous in terms of location, extent of the lesions and stroke etiologies, most of them had small lesions.
Further studies are needed to confirm that the current approach for brain age prediction based on automated brain morphometry is also feasible for patients with larger lesions, and how stroke etiologies can impact BAGR and cognitive improvement, for instance progressive vascular disease (small vessel and large vessel disease) may affect cognition prior to the stroke (Ihle-Hansen et al. 2014 ). In addition, the patients included in this study suffered from moderate to mild stroke (NIHSS < 7 at hospital discharge), representing a high functioning group with mild cognitive deficits and better overall prognosis, limiting the generalizability of our findings. Although previous studies have reported links between cognitive function and brain age in healthy controls, it is conceivable that the current associations would be stronger had we sampled from a wider distribution in terms of stroke severity and cognitive symptoms. The lack of control group prevents us from distinguishing between the timerelated changes and training-related changes , and, although tailored to the current cognitive intervention regime, a longer interval between time points might have increased sensitivity to detect relevant associations between cognitive changes and changes in brain age.
In conclusion, reliable and non-invasive markers of brain health and cognitive function are needed to help improving the current treatment programs targeting cognitive deficits following stroke and other brain disorders. Although our current results do not support an immediate clinical utility of brain age prediction in highly functioning stroke patients, we speculate that using region specific brain age model as opposed to reducing the whole brain to one summary score might be as reliable and more informative potential biomarkers of brain integrity and health. Importantly, our study supports the feasibility of automated brain age prediction in patient groups with brain disorders and lesions by highlighting the minimal impact of lesions on brain age estimations.
